Introduction
Under the Obligatory Sanitary Program (OSP), ruminant´s disease control at the farm level in Northwest Portugal 1 is provided by 32 county-level farm Cooperatives, called Organizações de Produtores Pecuários (OPPs).
The OPPs were formed after Portugal became a member of the European Economic Community (E.E.C.) in 1986 [27] . These cooperatives have been largely subsidized by the European Union (E.U.) and the Portuguese government to provide OSP services to farmers.
In 2001-2005, the amount of public support to the OSP in Northwest Portugal decreased 31% at nominal prices. For the period of 2005-2009, a further decrease of 57% was predicted [27] . The sharp decline in the subsidies to the OSP in the northwest region may be due to several reasons. The E.U. is presently concerned about the market distorting effects of control and eradication programs in several member states and proposals involving a cost-sharing scheme with farmer contributions have been considered [6, 7, 8] . In the last few years, the Portuguese government has cut public expenses dramatically in order to reduce its budget deficit as required by the E.U. Finally, ruminant herds have been decreasing in the northwest region of Portugal 2 .
The structure and organization of the OSP services market are expected to change in the near future [27] .
In 2005, each OPP operated in an exclusive county area, subject to the existing herds in the county and without competition from other suppliers. Prices charged for the OSP services and demand for OSP services vary across OPPs. The supply costs of OSP services also differ among OPPs, due mainly to environmental factors. 3 However, in the future, there will be free access to the OSP services market. Each OPP will probably face competition from other OPPs and other suppliers of OSP services. 4 The changes in the structure of the OSP services market may have a large impact on the current organization of OPPs if substantial efficiency gains can be obtained from reorganization and from an increase in the competition among OPPs. Is it possible for the OPPs to reduce the costs of providing OSP services as well as other services? How can the OPPs improve efficiency? What is the impact of environmental and organizational factors on the efficiency of OPPs? This article aims at providing answers to these questions.
To answer the above questions and to investigate the efficiency performance of OPPs we have employed a two-stage approach. In the first stage, cost, allocative, scale, congestion, and pure technical inefficiency estimates are computed for each OPP using Data Envelopment Analysis (DEA). The input-based inefficiency measures used in this article are generated from the duality between the cost function and the 1 In this article, Northwest Portugal corresponds to the former Entre Douro e Minho Agrarian Region. 2 This reduction in the northwest region is due to farm and land abandonment and to increases in herd productivity. For instance, dairies, mostly located in the coastal counties of the region, have had an enormous increase in milk production per cow during the last few decades. 3 Environmental factors are factors that are not under control of the OPPs but can influence their efficiency performance. It is easier to supply OSP services in some OPP areas than in others. 4 The OPPs belong mostly to county-level cooperatives. These cooperatives form unions at the regional level to deal with ruminants' disease control (UCADESA) and to deal with milk collection (AGROS). For a variety of reasons, county-level cooperatives in the region seem to be more willing to cooperate among each other than to compete. input directional distance function [3] . In the second stage, maximum likelihood is employed to regress the inefficiency estimates on environmental and organizational factors. The single bootstrap procedure proposed by Simar and Wilson [21] is used to build confidence intervals for regression coefficients.
The approach adopted takes into account the recent statistical criticisms of previous two-stage approaches and adopts the remedies provided by Simar and Wilson [21] . In addition, this article is most likely the first application of a DEA approach to analyze the performance of animal health services.
The article unfolds as follows. We present inefficiency measures using a directional input distance function in section 2 and in section 3 we discuss the two-stage approach to analyze inefficiency. This is followed by a description of the data in section 4 and of the empirical results in section 5. Section 6 concludes the article.
Inefficiency Measures
Directional distance functions are more general representations of production technology since they encompass as particular cases more conventional distance functions [3] . In contrast to radial distance functions, directional distance functions provide difference measures rather than ratio measures of relative efficiency and do not impose proportional variations in inputs or outputs. The directional representation of the production technology is also extremely useful in modeling production in the presence of input or output congestion and measuring performance accounting for inputs that obstruct production or bad outputs [11, 13] .
Behavioral assumptions are not required for estimating technical inefficiency measures; but they are required for estimating economic inefficiency measures. The OPPs are county-level cooperatives. The OSP is the main service provided by each OPP and is exogenously determined. In this article, OPPs are assumed to be cost minimizing Decision Making Units (DMU). Thus, in our case the directional input distance function is an adequate representation of the technology. The input-based inefficiency measures employed in this article are generated using the directional input distance function proposed by Chambers, Chung, and Färe [3] . The directional input distance function is formally defined as
where L(y) is the input requirement set, This direction can differ from the radial direction of the origin, implying the directional distance function is a more general representation of the production technology [4] . Since 
Chambers, Chung, and Färe [3] show that under strong disposability of inputs, the directional distance function is a complete representation of the production technology. Duality between the directional input distance function and the cost function allows an additive decomposition of cost inefficiency. Following Chambers, Chung, and Färe [3, 4] , cost inefficiency can be decomposed as follows:
where C(y,w) is the cost function,
is the directional input distance function representing technical inefficiency and AIE is a residual component indicating allocative inefficiency. The left-hand side of (2) is the cost inefficiency measure. Cost inefficiency is measured by the difference between actual cost and minimum cost, normalized by the value of the directional vector.
In this article, the directional vector is the input vector i.e., x g x = , 5 and input technical inefficiency is further decomposed into three components: pure technical inefficiency, congestion inefficiency and scale inefficiency. The decomposition of technical inefficiency proposed by Färe, Lovell and Grosskopf [14] is multiplicative since it is based on the Shephard input distance function. In contrast, the decomposition established in this article is additive. The additive decomposition of technical inefficiency is as follows 
. If The congestion inefficiency measure is given by
The pure technical inefficiency is the input measure of technical inefficiency relative to a (V,W) technology; i.e.,
Given the additive decomposition of technical inefficiency in (3), the cost inefficiency measure is decomposed as follows
r . Given the cost inefficiency measure and the inefficiency measures in (4)- (6), AIE is determined residually.
The Empirical Model
The empirical model involves two stages. In the first stage, the inefficiency scores for each OPP are generated using DEA. In the second stage, a single bootstrap procedure is employed to investigate the impact of environmental and organizational factors on the inefficiency scores.
First Stage
The input-based inefficiency measures discussed in the previous section are computed using DEA. DEA is a non-parametric programming method that has been widely used in the evaluation of productive inefficiency [5, 14, 16, 17] as well as environmental performance and productivity growth [12, 14, 26] .
Consider a sample of K OPPs and let k y and k x be, respectively, the vector of observed outputs and inputs for OPP k and w the vector of input prices faced by all OPPs. To generate the cost inefficiency measure presented in the previous section, the minimum cost for each OPP k, k=1,…,K, is computed by running the following cost minimization problem
where j λ is the intensity variable of OPP j.
The decomposition of technical inefficiency in (3) requires running several linear mathematical programming problems. In particular, the inefficiency measures in (4)-(6) require generating measures of technical inefficiency relative to different production technologies. The measure of technical inefficiency relative to a (C,S) technology for OPP k is obtained by solving the following problem
The other measures of technical inefficiency are computed in a similar fashion.
( ) 
Second Stage
The second stage involves an explanatory analysis of the inefficiency scores using environmental and organizational variables to account for exogenous factors that affect the efficiency performance of OPPs.
Let δˆ be a 1 × K vector of inefficiency scores and Z be a r K × -matrix of observations on r environmental and organizational factors. Following the traditional approach, a maximum likelihood regression model would be specified as follows:
where β is a 1 × K -vector of parameters.
Given the small size of the sample and the number of outputs and inputs considered in this study, the single bootstrap procedure is used. 6 The single bootstrap procedure is based on the following algorithm [21] : [1] Use the obtained in the first stage and run the maximum likelihood regression with lefttruncation at zero in (11) 6 The results of the Monte Carlo experiments conducted by Simar and Wilson [21] for each algorithm (single and double bootstrap) indicate that, for small samples sizes and larger model dimensions, the rootmean-square-error of the parameter estimators and the variance estimator is lower when the single bootstrap algorithm is used. 7 See the Appendix in Simar and Wilson [21] for details on how to draw from a left-truncated normal distribution. 
Data
Cross sectional data from the year 2005 of 32 OPP are available for this research. 8 The data set contains money values and (occasionally) prices and quantities of OPP field and office activities that are carried out under the OSP, as well as other activities. The data also contains information on environmental and organizational factors affecting the efficiency of operation of each OPP. Besides the limitations and remedies we discussed in the previous section for the second stage regressions, the very small sample size can also be a challenge for DEA in the first stage. Measurement error in the data could shift the DEA estimated frontier and would change the DMUs inefficiency scores. 9 
First Stage Data
For the first stage of our analysis we distinguished two outputs and three inputs. Outputs are services provided under the OSP (y 1 ) and other services (y 2 ). 10 Inputs are consumables (x 1 ), labor (x 2 ) and capital (x 3 ). The quantity 1 y is measured in equivalent bovines 11 and the quantity of (y 2 ) is reflected by its monetary value in 2005 prices, thereby ensuring that quality differences between OPPs are reflected in the quantity [9] . w is measured as the average sample wage of this type of worker. 12 Finally, we constructed a quality corrected measure of the annual cost of capital to reflect the quantity of capital ( 3
The quality corrected measure was obtained by dividing the observed inventory value of capital by the average ratio of observed inventory value and observed annual costs. Prior to estimation, all prices and quantities have been normalized, i.e., they have been divided by their respective averages. In the Appendix, Table A1 presents the observed prices and quantities before normalization.
Second Stage Data
In the 2006 survey conducted among the OPP, several factors not under control of the OPP have been identified by the veterinaries as having significant influence on the performance of each OPP providing the OSP. The factors are: 1) the number of animal heads per farm, 2) the distance of the OPP headquarters to the farms, 3) farms' dispersion, 4) the system of keeping the animals on the farms, and 5) people on the farms helping the OPP team containing the animals [27] . According to the veterinaries' field experience, the number of animal heads per farm (factor 1) increases the OPP efficiency of providing OSP services because the number of farmers to be contacted is smaller and the time per animal head necessary to provide the OSP is reduced. Distance of the OPP to the farms and dispersion of the farms (factors 2 and 8 A onetime survey was conducted of the 32 OPP in 2006 [27] . The available data set has 32 corresponding lines of observations. 9 The practitioner rule for DEA suggests the need for 100 observations for each dimension. According to this rule, our sample size falls below reasonable thresholds. However, the rule is interpreted in the literature as a desideratum rather than a necessary condition. In what concerns measurement error, data collection and screening have been supervised by one of the authors. Therefore, we are confident that measurement error is not a major problem in our data. 10 Examples of these other services are animal identification and control of existences, animal passports, animal hygiene, animal vaccination and other health services not included in the OSP, etc. 11 Five small ruminants or one bovine correspond to one equivalent bovine. 12 There are three types of workers in the OPP: veterinarians, auxiliary technicians, and administrative workers. We have considered the average wage of the auxiliary technicians and divided the cost of labor of each OPP by this wage to compute 2 x .
3) increase the time it takes to provide the OSP, i.e. travel costs and time spent by the OPP team increase. The system of keeping the animals (factor 4) varies, between dairy and beef farms. According to the veterinaries, it is less complicated to provide the OSP to dairy farms rather than to beef farms. Finally, the presence of people on the farms helping to contain the animals (factor 5) reduces the time spent by an OPP team providing the OSP.
In the second stage model, the first factor is the number of equivalent bovines per farm (Nebf). The number of kilometers traveled per farm (Nkmf) represents the second and third factors mentioned before. The fourth factor is reflected in two explanatory variables: the percentage of dairy farms (Pdairy) and the percentage of beef farms (Pbeef). The fifth factor is measured by Age, reflecting the percentage of farmers 50 years of age or older. The age of the farmers is likely to be an important variable explaining inefficiency differences since older farmers tend to help more containing the animals on the farms than younger farmers do. On average, older farmers have smaller farms, produce beef instead of milk, and are located in the mountainous areas of the Region. Additionally, we have included two environmental factors: Psr, the percentage of small ruminants on total ruminants, both measured in equivalent bovines, and Nfarm, the number of farms. Furthermore, we have also considered some organizational factors of each OPP such as Ystr (a dummy variable indicating the output structure), Plfw (percentage of total OPP labor allocated to field work), and Opptype (a dummy variable indicating whether the OPP belongs to a Cooperative). Table A2 , in the Appendix, provides the descriptive statistics of the variables used in the second stage regression.
Empirical Results
The following abbreviations are used in this section: Table 1 shows first stage inefficiency estimates. Only two out of the thirty two OPPs are efficient overall (11 and 22) ; most of the OPPs present some source of inefficiency. Although for a few OPPs allocative and input congestion are important sources of inefficiency, for most OPPs scale inefficiency and pure technical inefficiency are the major components of overall inefficiency. Of the thirty two OPPs three are scale efficient and thus present Constant Returns to Scale (CRS). One OPP is characterized by Decreasing Returns to Scale (DRS) and the remaining twenty eight show Increasing Returns to Scale (IRS). Therefore, the result suggests that the vast majority of the OPPs (88%) could improve efficiency by increasing the scale of operation. The only way for an OPP to expand the size of the operation is by moving outside its own county area, into other OPP areas. That is, for some OPPs to grow others need to disappear and/or some type of merging agreement must be implemented.
First Stage Results
Pure technical inefficiency is an important source of inefficiency for seventeen out of the thirty two OPPs. This result suggests that many OPPs will possibly have a substantial scope for improving efficiency of providing OSP services. OPPs may improve their own performance for example by exchanging information with other OPPs. 13 Only two out of the thirty two OPPs are allocatively efficient. However, allocative inefficiency is a relevant source of inefficiency for only seven OPPs and it is particularly important for two OPPs (10 and 23) . This means that these OPPs can substantially reduce their costs by choosing a mix of inputs that takes into account the input prices, i.e. reduce the use of expensive inputs and increase the use of cheap inputs.
Congestion inefficiency appears in eleven out of thirty two OPPs and is particularly relevant in five OPPs (7, 12, 13, 30 , and 31). Congestion inefficiency is caused by the difficulty that OPPs face in adjusting the quantity of inputs.
14 The sources of input congestion are investigated by running the ( ) W V , model in (10) (see Table A3 in the Appendix). In some OPPs congestion inefficiency is combined in all inputs. In others, congestion is confined to a single input. The result that congestion is present in all inputs suggests that several OPPs face managerial or organizational problems that inhibit them from adjusting the use of inputs. Managerial problems may arise from a lack of incentives among the management to adjust (inertia); organizational problems may arise from the presence of fixed contracts that limit the flexibility of the use of inputs.
Second Stage Results
We built 95% and 80% Bootstrap Confidence Intervals using L=2000 replications as suggested by Simar and Wilson [21] . Simar and Wilson [21] point out that the higher the confidence level, the higher the difference between the real and the nominal confidence levels. This is the reason we built 80% 13 According to UCADESA [27] , presently each OPP operates as if the other didn't exist. UCADESA hasn't promoted this type of exchange yet. 14 There has been a quick decline of farms and herds and thus of services provided under the OSP for some OPPs in the Region [27] . These OPPs may experience difficulties in a corresponding reduction of inputs.
-10 -Confidence Intervals. Table 2 shows second stage beta coefficients and Bootstrap Confidence Intervals for all the inefficiency estimates except congestion, for which estimation was not possible. 15 A parameter estimate is significant when the value of zero is not within the confidence interval. Significance at the 5% level is indicated by a star and at the 20% level is indicated by two stars.
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Overall inefficiency is affected negatively and significantly by Nebf (the number of equivalent bovines per farm), Age (the percentage of farmers over 50 years or age), and Nfarm (the number of farms), and positively and significantly by Psr (the percentage of small ruminants on total ruminants in equivalent bovines). The effects are in accordance with the prior expectations of the veterinaries, i.e. transaction costs and time spent with the OSP diminish with Nebf. Although associated with smaller and more traditional farms producing beef, sheep, or goats and usually located in mountainous areas, older farmers offer more help to the OPP teams in handling the animals than younger farmers do. The efficiency of the OPPs increases with scale. Finally, OPPs dealing with sheep and goat farms are less efficient overall.
Allocative inefficiency is affected negatively by Pdairy (the percentage of dairy farms), Pbeef (the percentage of beef farms), Psr and Nfarm and most positively by Nebf and Ystr (a dummy variable indicating output structure). The results indicate that the OPPs dealing with more specialized farms and/or herds succeed more in choosing a mix of inputs that minimizes costs at given input prices than other OPPs. The results also indicate that the OPPs dealing with larger farms and the OPPs developing other services besides the OSP are less successful in making cost effective choices of input bundles. The latter result concerning output structure deserves a careful interpretation. Some OPPs in the Region are facing a quick decline of farms and herds and, thus, of the services they provide under the OSP. Because inputs lag declining, these OPPs are becoming more and more inefficient. A strategy they follow to reduce their inefficiency is to allocate inputs to the development of other services besides the OSP. This strategy is well documented in UCADESA [27] . Thus, these OPPs are not more inefficient because they develop other services. On the contrary, these OPPs would be even more inefficient if they were not developing these other services.
Scale inefficiency is affected negatively and significantly by Pdairy, Plfw (the percentage of labor allocated to field work) and Nfarm. The results suggest that the OPPs with a larger percentage of dairy farms operate on a more optimal (higher) scale. Dairy farms are located in the coastal counties of the region where OPPs are characterized by a larger scale of operation. They also suggest that the OPPs that operate on a larger scale allocate more labor to field work and thus less labor to administrative work. Finally, the results on Nfarm indicate that scale efficiency of the OPPs increases with scale of operation.
Pure technical inefficiency is affected negatively and significantly only by Nebf. The result is in line with the prior expectation expressed by the veterinaries. By sorting the OPPs from the lowest to the highest value of Nebf, one takes that OPPs with similar values for Nebf can have significantly different values for pure technical inefficiency. That is, although Nebf appears to be an important source of variability for pure technical inefficiency, there is scope for pure technical inefficiency improvements by the OPPs.
In order to determine the relative importance of environmental and organizational factors, we have computed the amount of variability of inefficiency that could be explained by the variability of these factors. The computations show that Nebf is the most important source of variability for overall inefficiency, followed by Nfarm, Age, Psr, and Pdairy. The variabilities of Nebf and Psr are the main sources in approximately equal shares for the variability of allocative inefficiency, followed by Pdairy, Pbeef, Ystr, and Nfarm, the latter also in approximately equal shares. Nfarm is the most important source of variability for scale inefficiency followed by Pdairy and Plfw. Nebf variability is the only (environmental) factor source of variability for pure technical inefficiency. We conclude that Nebf and Nfarm are the major (environmental) factors influencing the efficiency performance of the OPPs.
Potential Gains from Mergers
OPPs 2, 3, 5, 6 and 8 are presently in a process of merging. In order to measure the potential gains from merging, the pooled OPP inefficiency scores are computed from the DEA estimated frontier [2] . Table 3 provides the results. 
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Conclusions
A two-stage approach is employed to analyze the efficiency performance of cooperatives (OPPs) responsible for ruminants' disease control at the farm level in the Northwest region of Portugal.
Our first-stage results indicate that most of the OPPs present some source of inefficiency, namely scale inefficiency (increasing returns to scale) and pure technical inefficiency. Thus, it is possible for the OPPs to reduce the unit cost of providing the OSP services as well as the other services by removing these inefficiencies. For some OPPs to grow in scale others need to disappear and/or some type of merging agreement must be implemented. The potential efficiency gain for a group of five OPPs that is currently in a process of merging was investigated. Scale efficiency largely improves although returns to scale are not totally exhausted. In addition, due to returns to scale the same amount of outputs can be produced with fewer inputs. The empirical results also indicate that there is scope for improving on pure technical efficiency by exchanging information across OPPs.
Our second stage results suggest the influence of environmental and organizational factors on the efficiency performance of the OPPs. The number of equivalent bovines per farm (Nebf)) and the number of farms (Nfarm) have been identified as the major factors influencing the efficiency performance of the OPPs. Nebf is directly connected with the evolution of the agricultural sector and tends to increase over time with modernization and the inherent increase of farms' scale of operation. 
